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In this study, we analyzed golfers’ swing movement to extract differences in
proficiency and individual characteristics using two-dimensional video data from
a single camera. We conducted an experiment with 27 golfers who had a wide
range of skill levels, using a 7-iron; we acquired video data with a camera on the
sagittal plane. For data extraction, we used pose estimation (using HRNet) and
object detection (using DeepLabCut) methods to extract human-joint and club-
head data. We examined the relationship between proficiency and individual
characteristics vis-a-vis forward tilt angle and club trajectory. The results
showed that the stability and reproducibility of the forward tilt angle are
characteristics of proficiency. Highly skilled golfers showed low variability and
high reproducibility between trials in forward tilt angle. However, we found that
club trajectory may not be a characteristic of proficiency but rather an individual
characteristic. Club trajectory was divided roughly into clockwise rotation and
counterclockwise rotation. Thus, the analysis based on video data from a single
markerless camera enabled the extraction of the differences in proficiency and
individual characteristics of golf swing. This suggests the usefulness of our
system for simply evaluating golf swings and applying it to motor learning and
coaching situations.

KEYWORDS

golf swing, markerless motion analysis, pose estimation, object detection, proficiency,
individual characteristics

1. Introduction

Golf is a widely practiced sport, with approximately 55 million regular players worldwide
(1), while many golfers train to improve their performance. Within this context, several
researchers have studied the control and learning of swing movements for use in practice
and instruction, as well as for injury prevention (2-5). Golf swings are highly complex
because of the coordination of whole-body movements and the need to control golf clubs.
This complexity has sparked considerable interest in understanding the mechanics of
golfers’ swing.

Sports-science researchers have studied the details of golfers’ body and club movements
using optical three-dimensional (3D) motion capture systems (2, 4, 6). Regarding the
common characteristics of skilled players, previous analyses using 3D motion capture
systems have examined the reproducibility of upper-body movements (2, 3, 7), posture at
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the address phase (8), swing trajectory (5, 9), club-head movement
(10), the relationship between the swing plane and impact (11),
swing motion, and club trajectory (12). These previous studies
confirmed that a common characteristic of skilled golfers is the
control of the multi-degree-of-freedom body, which reduces
variability and generates a high degree of repeatability in body
and club movements.

Conversely, previous studies have also revealed individual golf
swing characteristics that are independent of proficiency. For
example, there are three types of swing paths to the target line:
inside-out, parallel, and outside-in. This difference greatly affects
ball flight and is an important individual characteristic that
determines performance (13, 14). Previous studies have also
revealed individual differences in the patterns of the ground
contact center of pressure during the swing (15, 16) and in
pelvis-thorax coordination patterns (X-factor) (17). Indeed, there
are individual differences in biomechanical variables, such as
body and club movements during golf swings (3, 18), which
emphasizes the absence of identical swings (19). The analysis of
individual swing characteristics is important because it has the
create tailor-made and instruction

potential to practices

programs for individuals. Extracting individual swing
characteristics is important because it may allow the creation of
personalized practice and instruction programs for individuals.
Optical motion capture systems are capable of measuring high-
speed complex movements, owing to their high sampling
frequencies. However, this requires considerable preparatory
work, such as a large measurement location for installing an
infrared camera and attaching an optical marker directly to the
user’s body, which is limited for outdoor use (20). Recently,
swing analysis studies using cameras have used advanced image
processing techniques based on computer vision methods. These
studies track the movement of golf clubs and the positions of
human joints to analyze subjects’ motion during the swing to
eliminate the disadvantages of using optical equipment (21-23).
For example, Park et al. (24) obtained posture data from golf
swing video recordings, while McNally et al. (25) developed a
system to automatically detect continuous swing events, which
are fundamental for golf swing analysis. Kim et al. (26) used
both photos and videos to identify golfer metrics such as posture,
swing tempo, and swing consistency during a golf swing using
pose estimation. Sugimura et al. (27) developed a system to
extract golf-swing defects using video data. Thus, in addition to
detailed studies using motion capture systems conducted in
laboratories to support golf-swing learning and instruction, golf
swing research has recently been conducted using markerless
video data, which are less costly to obtain. Research using video
data is likely to be useful in analyzing swing data from outdoor
driving ranges and rounds, as well as in obtaining data to
improve performance. However, it is unclear whether single-
video markerless motion analysis can effectively evaluate golfers’
proficiency and individual characteristics during the swing,
compared with conventional motion capture systems using
reflective markers. In order to approach this problem, this
research aims to apply sports science analysis for various level

golfers to computer vision-related research and add practical
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knowledge by using single camera data. In other words, this
study aims to analyze golfers’ swing with a single camera to
evaluate their proficiency and individual characteristics with the
same degree of accuracy as a detailed analysis based on data
acquired with a motion capture system. The achievement of this
goal may provide insight into the development of systems that
can provide support to golfers of a wide range of levels and
diversity.

As described above, this study proposes a simple method for
analyzing swings from markerless video data from a single
camera. Particularly, we analyzed golfers’ swing movement to
their
characteristics, revealed by 3D analysis using reflective markers

extract differences in proficiency and individual
from 2D data from a single camera on the sagittal plane.

This study focuses on the forward tilt angle and club trajectory,
which can be analyzed using a single video camera on the sagittal
plane, and examines differences in proficiency levels and individual
characteristics. A forward tilt angle is necessary for accurate ball
contact and is considered important in coaching situations (2,
28). As mentioned above, the swing path is directly related to the
ball trajectory and is an important determinant of performance
accuracy (13, 14). This study examined these two variables
among golfers of various proficiency levels. Particularly, we
examined the relationship between performance (ball-fall point)
accuracy and the smash factor, in addition to the general score,
as indicators of golfers skill level.

This study aims to construct a simple data acquisition system
and examine golfers’ proficiency differences and individual
movement characteristics using computer vision-based pose
estimation and object detection methods for golf swing tasks. To
this end, we aimed to validate a method for identifying
proficiency differences and individual characteristics by
calculating golf swing variables that can be analyzed with a small
amount of information using two-dimensional (2D) posture data
obtained from single-camera video and performance data from a

trajectory measuring device.

2. Method
2.1. Participants

Twenty-seven female and male golfers (mean age: 20.5+ 1.5
years, and mean height: 168.1 £7.9 cm) of a university golf club
participated in the experiment (mean age of nine females: 19.8 +
0.8 years, mean height of nine females: 161.7 + 6.8 cm, mean age
of 18 males: 20.9 £, 1.6 years, and mean height of 18 males:
172.7 £5.0 cm). We recruited participants with a wide range of
skill levels to examine the characteristics of proficiency. We used
a questionnaire to obtain average scores of played rounds played
over the past one to two years to determine each participant’s
golf skill level. We interviewed scores over a period of several
years because the number of played rounds varied among
participants. The average score of a played round is an index
that reflects the overall skill of a golfer, with a lower score
indicating a higher proficiency level. Handicaps are a general
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index, and for example, an average score of 72 means a handicap of
0, while an average score of 82 means a handicap of 10.
Participants’ mean average score was 99.8 +25.9. The distribution
of the scores was as follows: seven participants had an average of
70 (four females and three males), four had an average of 80 (all
males), seven had an average of 90 (all males), and nine had an
average of 100 or higher (five females and four males). The
participants  provided informed consent after
explanations about the experiment and participated in the

experiment. All the experimental procedures were performed

receiving

after obtaining approval from the Graduate School of Informatics
of Nagoya University.

2.2. Procedure

Participants hit 20 balls with a 7-iron after warming up for a
few minutes. We conducted the experiment at both indoor and
outdoor driving ranges. The distance to the net in the direction
of the ball at the indoor driving range was 3 m. Participants took
a 30-second break after each trial. We instructed the participants
to hit the ball as they normally would using a 7-iron, and to hit
20 balls. In this experiment, we analyzed all trials for each
participant. We recorded the swing motion data with a camera
(SONY RX100M7, 240 Hz, 1,824 x616 dpi). The camera was
positioned 3.5 m behind the ball in the targetline direction and
in the sagittal plane of the golfer’s body, so that the whole body
and the club were within the angle of view of the camera. In
addition, a trajectory measuring device (Skytrak, GPRO Co.,
Japan) was used to acquire data such as distance, ball velocity,

10.3389/fspor.2023.1272038

club velocity, and left-right deviation from target line of the
arrival position.

2.3. Data extraction

2.3.1. Pose estimation for body movement with
HRNet

Next, the joint data for the swinging motion were obtained
from the video data using a computer vision method. We used
HRNet (29), a framework for pose estimation in computer vision
methods, to estimate the joint points of the body using the video
data obtained as the input (Figure 1A).

There are two types of pose estimation models: a top-down
model that estimates the key points separately after estimating
the positions of a person in the image, and a bottom-up model
that estimates all key points in the image and then groups them
for a person. HRNet is a top-down pose estimation model. We
used a model called HRNet w48 to estimate joint positions. This
method used video data as input and trained general human
pose data to estimate 17 key points: the nose, left and right eyes,
ears, shoulders, elbows, wrists, hips, knees, and ankles. This
method requires no special annotation or model creation phase.
We then obtained the position data of the vertical and horizontal
pixels as the output.

2.3.2. Object detection for club movement with
DeeplLabCut

Next, we performed object detection using video data to obtain
club-head position data during the swing. DeepLabCut is a video-

Pose estimation
with HRNet

Object detection
with DeepLabCut

Address

FIGURE 1

Top

Impact Finish

Pose estimation and object detection of swing movement. This figure shows an example of pose estimation and object detection based on 2D pose data.
The panel (A) shows examples of pose estimation for address, top, impact, and finish swing events for 17 joint points of the body using HRNet. The panel
(B) shows the detection results of club heads (red markers) using DeeplLabCut at each event. We used HRNet-based pose estimation data for the body
data and DeeplLabCut based object detection data for the club head data.
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analysis library for object detection that uses a graphical user
interface to label and automatically track human and animal
body parts using deep neural networks (30).

First, a pretrained model was created using 27 video datasets,
with one trial for each participant. We used video data on the
sagittal plane as the training data and annotated the positions of
club head for 30 frames in each video image.

As preliminary estimation tests showed that the accuracy of the
estimation of the club head near impact tended to decrease, the
images used for annotation were extracted manually, focusing on
the phase from address to impact. After annotation, we used the
ResNet-50 model (31) to train the training data with 200,000
iterations. The data were then used to correct for mis-estimated
points, and the model was trained again for 120,000 iterations.
Finally, we estimated all 20 trials of each participant’s video to
obtain the body and club-head data (Figure 1B). The data
obtained from the pose estimation and object detection were
smoothed using a second-order Butterworth filter (6 Hz).

2.3.3. Swing event detection

We detected the address, top, impact, and finish events of the
golf swing by using a custom-written software in MATLAB
(R2022a; MathWorks, Natick, MA, USA). We used the position
data of the right wrist on the sagittal plane to detect the events
(Figure 2). For the address event, we detected the rising frame of
the right wrist position. We calculated the velocity from the wrist
position and detected the frame when the velocity exceeded a

10.3389/fspor.2023.1272038

certain threshold value. We then defined the point at which 30
frames (0.125 sec) back from that rising point as the address event.

The maximum value of the position was detected for the top
event. For the impact event, we detected the frame in which the
wrist reached its minimum value after reaching the top; for the
finish event, we detected the maximum wrist position after the
impact. In addition to these four events, we detected events when
the wrist exceeded the shoulder position during the backswing
and when the wrist fell below the shoulder position during the
downswing for swing trajectory analysis.

2.4. Analysis

After preprocessing the data, we analyzed the golf swings to
examine proficiency differences and individual characteristics. In
this study, the forward tilt angle and swing trajectory were
calculated. These two variables can be obtained from video data
in the sagittal plane and are important variables in golf (14).
These two variables were examined in terms of proficiency
differences and individual differences. All data analyses were
carried out in MATLAB.

2.4.1. Forward tilt angle

First, for the forward tilt angle, we calculated the angle between
the right ear and right hip vectors on the sagittal plane and the
horizontal line in the phase from the address to impact
(Figure 3A). After calculating the mean and standard deviation

Address Finish

700
c g
S 3600 .
8 %
Q=
= = 500 =
L = 400 —

o
300 | | | | | | | |
0 100 200 300 400 500 600 700 800 900
Frame
FIGURE 2

Swing event detection. Significant events during the swing were calculated from body data obtained by pose estimation and each event was calculated
based on the vertical position of the right wrist on the sagittal plane. The upper panel shows a plot of the right wrist’s position at each event. The lower
panel shows time-series data of the right wrist’s position during a single swing. The markers in the upper and lower figures indicate the wrist position at
each event. The green marker indicates the event at address before the swing, the red marker indicates the event at the top switching between backswing
and downswing, the blue marker indicates the event at impact, and the purple marker indicates the event at the finish after hitting the ball.
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FIGURE 3

Quantification of swing trajectory by using rotation between backswing and downswing. The panel (A) shows the definition of the forward tilt angle, we
calculated the angle between the right ear and right hip vectors on the sagittal plane and the horizontal line. The panel (B) indicates a participant of the
clockwise (CW) rotation and the panel (C) indicates a participant of the counterclockwise (CCW) rotation. Swing images during address, backswing, and
downswing are shown on the left, center, and right columns, respectively. The dash line indicates the position of the right shoulder at address, while the
blue circle with the number 1 indicates the position past the right shoulder line during the backswing. The red circle with the number 2 indicates the
position past the right shoulder line during the downswing. The rightmost plot shows the club position during the backswing and downswing and

the swing plane enclosed by the right shoulder and right wrist at address.

of the forward tilt angle for the phase from address to impact, we
calculated the following variables: (1) the average of all 20 trials of
the forward tilt angle (mean angle), (2) the average of the SD of the
forward tilt angle over all trials (mean SD), (3) the SD of all trials of
the average of the forward tilt angle (SD of mean angle), and (4) the
SD of all trials of the SD of the forward tilt angle (SD of SD). The
first variable is the average tilt angle of all trials for each participant.
The second variable is the average variability of forward tilt angle
during a single swing and the third indicates the extent to which
the forward tilt angle varies from swing to swing. The fourth
variable indicates the extent to which the forward tilt angle varies
from swing to swing.

2.4.2. Club rotation

In this study, we analyzed the club trajectory during the swing
phase using 2D data on the sagittal plane using the following
method. Swing trajectories were examined for backswing and
downswing club rotations based on the trajectory of the club
head movements in the sagittal plane. This rotation implies a
difference between the route of club pull-up during backswing
and the route of club down during downswing.

Typical examples of the two swing trajectories observed in the
experiment are shown in Figures 3B,C. The blue plots show the
points of the club head during the backswing (from the address
until the right wrist crosses the right shoulder). The red plot
shows each point on the club head during downswing (until the
right wrist crosses the right shoulder). The gray area surrounded
by the black plot and lines represents the swing plane at the
address. The upper line shows the line connecting the club head
and right shoulder at the address (swing plane), and the lower
line shows the line connecting the club head and right wrist at
the address (shaft plane).

Frontiers in Sports and Active Living

The example in Figure 3B shows a club trajectory where the
downswing comes down from above compared to the backswing.
From the viewpoint of the sagittal plane, the club rotates
clockwise from the backswing to the downswing. The example in
the Figure 3C shows a club trajectory in which the downswing
descends from below compared to the backswing, and from a
sagittal viewpoint, the rotation is counterclockwise from the
backswing to the downswing. Generally, the swing path on the
left side of the figure is known to be an outside-in trajectory
with the club head entering from the outside and exiting from
the inside with respect to the ball’s direction of travel, whereas
the swing path on the right side of the figure is known to be an
inside-out trajectory with the club head entering from the inside
and exiting from the outside (14).

We quantified the pattern of the club trajectory characteristics
on the sagittal plane, as shown in Figures 3B,C. The vertical
passing positions during backswing and downswing were
compared with respect to the shoulder position at the address.
Figure 3B shows that the backswing passes through the right
shoulder at address, while the downswing passes through the
right shoulder at address for the participant showing clockwise
club rotation (CW rotation). Figure 3C shows each phase of the
participant showing the counterclockwise club rotation (CCW
rotation) described above. In principle, the CW rotation has a
steep angle of attack, whereas the CCW rotation has a shallow
angle at ball impact, which affects the direction and distance of
the hit ball.

We calculated the differences between the vertical position of
the point passing through the right shoulder at address during
backswing and that during downswing as the club rotation
variable. In the case of clockwise rotation, where the downswing
passes through the upper side, as shown in the upper panel of
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Figure 3, the club rotation takes a positive value, while a larger
value indicates that the golfer is backswinging from the upper
side. However, in the case of counterclockwise rotation, where
the downswing passes below, as in the golfer below, the value of
the club rotation is negative. We evaluated the direction of club
rotation by using numerical values and examined the relationship
with the level of proficiency.

2.4.3. Proficiency level

We used the golfers’ average scores as indicators of their
proficiency. Additionally, we calculated the smash factor, which
is related to swing efficiency. The smash factor indicates the ratio
of ball speed to club speed and is an indicator of how much club
speed is being transferred to the ball. The accuracy of the angle
of the ball landing position was evaluated by calculating the
angle between the golfer’s position and the vector of the landing
point and the target line, and the average of the absolute values
was used as the index. In other words, if 20 balls landed on the
target line, this index value would be as close to zero as possible.

3. Results
3.1. Analysis of the forward tilt angle

3.1.1. Variability of forward tilt angle during the
swing

First, we examined each participant’s average forward tilt angle
during the swing phase with the 7-iron. We performed a
correlation analysis among the average of all 20 trials of the
forward tilt angle from address to impact, the average score, the
smash factor, and the variance of the fall position. The results
showed that none of the correlations were significant between the
mean forward tilt angle and the proficiency indices (average
score: r=—0.182, n.s., 95% CI [—0.564, 0.160]; smash factor: r =
0.115, n.s., 95% CI [-0.390, 0.370]; accuracy: r=0.109, n.s., 95%
CI [-0.457, 0.297], shown in the Figure 4A). Next, we examined
the forward tilt angle of the upper body during the swing. We
performed a correlation analysis of the three variables of the
forward tilt angle described above with the average score of the
proficiency index, the smash factor, and the angular of the ball’s
landing position.

Correlation analysis of the mean SD of the forward tilt angle
with the average score revealed a moderate correlation between
the average score [r=0.595, p <0.01, 95% CI (0.315, 0.810)] and
smash factor [r=0.449, p <0.05, 95% CI (—0.732, —0.131)]. The
results showed that the variability in the forward tilt angle during
the swing was smaller for golfers with better average scores and
those with better smash factors (shown in the Figure 4B).

3.1.2. Reproducibility of the forward tilt angle
during the swing

Next, we examined the correlation between the SD of all trials
of the mean value of the forward tilt angle from the address to the
impact and each proficiency index. The results showed a significant
correlation between the SD of all trials of the mean anterior tilt
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angle and the average score [r=0.801, p<0.01, 95% CI (0.610,
0.907)] and accuracy [r=0.606, p<0.01, 95% CI (0.628, 0.912)]
(shown in the Figure 4C). The results revealed that golfers with
better
reproducibility of the forward tilt angle between swing trials.

average scores and higher accuracy had better

3.1.3. Reproducibility of variability in the forward
tilt angle during the swing

Next, we examined the correlation between the all trials SD of
the SD of the forward tilt angle from address to impact and each
proficiency index. The results showed a significant correlation
between the SD of all trials of the forward tilt angle and the
average score [r=0.790, p<0.01, 95% CI (0.601, 0.904)], smash
factor [r=0.394, p<0.05, 95% CI (—0.837, —0.390)], and
accuracy [r=0.546, p<0.01, 95% CI (0.593, 0.902)] (shown in
the Figure 4D). The results showed that participants with higher
average scores, accuracy, and smash factors had smaller trial-to-
trial variability in mean forward tilt angle during the swing. In
other higher
reproducibility of variability in the forward tilt angle between

words, more proficient golfers showed a
swings. The results of the within- and between-trial variability of
the forward lean angle revealed that proficient subjects were able
to maintain a forward lean angle with some degree of variability.
Additionally, it was found that the adept had a high degree of

reproducibility in the magnitude and variability of fluctuations.

3.2. Analysis of swing trajectory on the
sagittal plane

Next, we examined proficiency and individual characteristics in
the swing trajectory by examining the relationship between club
rotation and proficiency variables (Figure 5). We performed a
correlation analysis between the club rotation value and each of
the proficiency indices: the average score, smash factor, and
accuracy index. The results showed no significant correlation
between the club rotation value and average score [r=0.362, n.s.,
95% CI (—0.167, 0.559)], smash factor [r=0.054, n.s., 95% CI
(—0.481, 0.269)], and accuracy [r=0.339, n.s., 95% CI (-0.110,
0.598)]. These results indicate that neither the club trajectory
pattern nor its magnitude were associated with proficiency. In
other words, it is possible that the movement pattern of how a
club is raised and lowered does not indicate differences in
proficiency; rather, it is unique to each golfer.

4. Discussion

4.1. Swing analysis using computer vision
methods

This study examined the trade-off between a small amount of
information data using computer-vision-based pose estimation and
object detection methods for a golf-swing task, and the possibility
of assessing movement proficiency and extracting individual
characteristics. In this study, we used HRNet for pose estimation
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FIGURE 4
Correlation between proficiency indices and indices of forward tilt angle during swing movement. The columns indicate the proficiency indices used in
the correlation analysis, while the rows indicate the variables of forward tilt angle used in the analysis. Pearson’s correlation coefficient (r), p-value, and
95% confidence interval are noted in each plot.

at the joint points of the body and DeepLabCut for club-head
object detection. The 2D body and club data obtained allowed
the calculation of important golf variables. For example, the
average forward tilt angle obtained in this study ranged from
45 ° to 60 °, relative to the horizontal line. The results for the
forward tilt angle in this study did not differ significantly from
the obtained with

experiments using a 7-iron (32).

results a lumbar-motion monitor in

Frontiers in Sports and Active Living 0

Because the golf swing is a 3D motion involving the rotation
and twisting of the body, the method used in this study is
inferior with respect to accuracy, compared with 3D motion
analysis. The model called HRNet w48 which was used for the
posture estimation in this study has been reported to have a high
average precision and high estimation accuracy among many
models (29). In addition, the process of checking the accuracy
and modifying the model for object detection using DeepLabCut
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FIGURE 5
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in combination with the inferred data and video data was used to
create a model that can be estimated with high accuracy. However,
the accuracy of the posture estimation data used in this study will
require future experiments to verify the consistency with 3D
motion capture data. Although there are limits on accuracy of
data acquisition, the results of this study show that it is possible
to evaluate the proficiency of a golfer’s swing even with 2D
information obtained from a single camera. Regarding the club
trajectory results, we extracted club trajectories on the sagittal
plane and were able to detect individual characteristics regarding
swing switching. This also suggests the possibility of extracting
the characteristics of each golfer from the trajectory of the club
head in two dimensions using markerless pose estimation.
However, many issues remain, including verification of the
accuracy of pose estimation and object detection, analysis of
additional golfer data, and implementation in applications.

4.2. Proficiency differences in the golf
swing

In this study, we examined changes in the forward tilt angle on
the sagittal plane and club trajectory during the swing in terms of
differences in proficiency. Only forward tilt angle was significantly
correlated with proficiency. Particularly, the results obtained in this
study showed a significant correlation between the stability of the
average forward tilt angle during the swing and the repeatability
and variability of the angle across 20 trials. However, the average
forward tilt angle was not associated with proficiency. This
suggests that it is not important for the upper body to have a
particular forward tilt angle during the 7-iron swing, but rather
that one factor in proficiency is being able to swing at a similar
angle with a similar variation in angle repeatedly, reducing the
variability during the swing.
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Regarding the stability of the average forward tilt angle during
the swing, the results of this study demonstrate the importance of a
constant forward tilt angle. These results confirm the importance of
maintaining a forward tilt during the swing for performance
stability, as suggested by Chu et al. (2). An important factor for
consistent performance in golf swing tasks has been shown to be
a strategy for maintaining constant upper body variability in
order to make accurate contact with the ball (28). A correlation
between the degree of proficiency and reproducibility across trials
was also observed, suggesting that one factor of proficiency is not
only the ability to maintain a constant upper body angle during
the swing but also the ability to repeat similar movements to
produce a consistent performance. Particularly, the stability and
reproducibility of the forward tilt angle were confirmed to be
related to the smash factor, ball-direction accuracy, and average
score. This indicates the importance of maintaining posture
during the swing to correctly contact the club face, efficiently
transfer swing speed to the ball, and contact the ball in the
correct orientation and direction. This suggests that changes in
the forward tilt angle during the swing can be confirmed using a
single camera on the sagittal plane and can be used to evaluate
proficiency. Further, no correlation was found between the
average angle and the proficiency index, whereas a correlation
with the stability and reproducibility of the angle was confirmed,
suggesting that it is important to aim for consistency and
reproducibility of similar movements repeatedly, rather than
learning aimed at a specific angle.

4.3. Individual characteristics in the golf
swing

Next, we examined club trajectories in the sagittal plane. In this
study, we examined the difference between the club trajectory
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during backswing and that during downswing to extract features
from 2D data on the sagittal plane for the club trajectory. We
defined CW rotation as a trajectory that passes lower on the
downswing than on the backswing; conversely, CCW rotation
was defined as a trajectory that passes higher on the downswing
than on the backswing. This difference in club rotation is
generally related to the difference in swing trajectory and angle
of ball impact in the direction lateral to the target line on the
delivery plane. There were three types of swing paths to the
target line: inside-out, parallel, and outside-in. This difference
greatly affects ball flight and is an important individual
characteristic that determines performance (13, 14).

Based on the data obtained in this study, we examined the
relationship between golfers’ club rotation pattern and lateral
launch angle obtained using a trajectory-measuring device. We
found a significant correlation between rotation and lateral
launch angle (r=-0.57, p<0.05). The results show that in the
case of CW rotation (downswing passes through the upper side
of the club, rather than the backswing), the lateral launch
direction was to the left of the target line, while the club had an
outside-in trajectory passing from the outside to the inside.
Conversely, in the case of CCW rotation (downswing passing
below the backswing), the left lateral launch direction was to the
right of the target line, while the club had an inside-out
trajectory from the inside to the outside. This indicates that the
variables of club rotation, which can be easily calculated from the
data on the sagittal plane analyzed in this study, may be used, as
well as the types of club and swing trajectories from
conventional 3D analysis.

The results of this study did not suggest a correlation between
individual club rotation characteristics and proficiency. In terms of
club rotation characteristics, 12 golfers exhibited CW rotation and
15 exhibited CCW rotation. This indicates that there were large
individual differences in the way clubs moved and there was no
pattern of convergence in the process of proficiency. However, a
correlation (r=0.52, p<0.01) was found between the average
score and club rotation when only participants with average
scores below 100 were included. This confirms the tendency of
more proficient golfers to exhibit a CCW rotation, in which the
downswing trajectory passes below the backswing trajectory. In
other words, although no relationship with proficiency was found
in the analysis of participants as a whole, it is possible that
convergence to the CCW rotation pattern could be observed in
golfers with higher than intermediate levels of proficiency. This
point should be verified in future research including more
proficient golfers.

5. Conclusion

This study aimed at the examination of simple data acquisition
system using computer vision-based pose estimation and object-
detection methods for a golf-swing task, and the possibility of
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assessing movement proficiency and extracting individual
characteristics. Specifically, we assumed a smartphone application
for practice and instruction and aimed to evaluate golf swing
proficiency and identify variables that determine individual
characteristics from simple 2D pose data obtained from a single
camera. Consequently, the 2D pose data extracted from a single
camera using computer-vision techniques confirmed the
characteristics of golfers’ forward tilt angle, which is a feature of
identified  the

characteristics of swing trajectory. In other words, the analysis

proficiency.  Additionally, we individual
based on video data from a single markerless camera enabled the
extraction of the proficiency and individual characteristics of
participants’ golf swing. This highlights the usefulness of our
system for simply evaluating golf swings and applying it to

motor learning and coaching situations.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Ethics statement

The studies involving humans were approved by Graduate
School of Informatics of Nagoya University. The studies were

conducted in accordance with the local legislation and

institutional requirements. The participants provided their

written informed consent to participate in this study.

Author contributions

KY: Conceptualization, Data curation, Formal Analysis,

Funding acquisition, Investigation, Methodology, Project
administration, Resources, Software, Visualization, Writing -
original  draft, Writing - review & editing. YH:

Conceptualization, Formal Analysis, Validation, Writing — review
& editing. TS: Methodology, Software, Writing - review &
editing. HS: Investigation, Writing - review & editing. HT:
Conceptualization, Formal Analysis, Investigation, Supervision,
Validation, Writing - review & editing. KF: Conceptualization,
Formal Analysis, Methodology, Supervision, Validation, Writing
- review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article.

This study was funded by the JSPS KAKENHI (Grant Nos.
JP20K19493 and JP22K]1547).

frontiersin.org


https://doi.org/10.3389/fspor.2023.1272038
https://www.frontiersin.org/journals/sports-and-active-living
https://www.frontiersin.org/

Yamamoto et al.

The funders had no role in the study design, data collection
and analysis, decision to publish, or manuscript preparation.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

References

1. Farrally M, Cochran A, Crews D, Hurdzan M, Price R, Snow J, et al. Golf science
research at the beginning of the twenty-first century. J Sports Sci. (2003) 21(9):753-65.
doi: 10.1080/0264041031000102123

2. Chu Y, Sell TC, Lephart SM. The relationship between biomechanical variables
and driving performance during the golf swing. J Sports Sci. (2010) 28(11):1251-9.
doi: 10.1080/02640414.2010.507249

3. Horan SA, Kavanagh JJ. The control of upper body segment speed and velocity
during the golf swing. Sports Biomech. (2012) 11(2):165-74. doi: 10.1080/14763141.
2011.638390

4. Mears AC, Roberts JR, Forrester SE. Matching golfers 'movement patterns during
a golf swing. Appl Sci. (2018) 8(12):2452. doi: 10.3390/app8122452

5. Morrison A, McGrath D, Wallace E. Changes in club head trajectory and
planarity throughout the golf swing. Procedia Eng. (2014) 72:144-9. doi: 10.1016/j.
proeng.2014.06.083

6. Bradshaw EJ, Keogh JW, Hume PA, Maulder PS, Nortje J, Marnewick M. The
effect of biological movement variability on the performance of the golf swing in
high-and low-handicapped players. Res Q Exerc Sport. (2009) 80(2):185-96. doi: 10.
1080/02701367.2009.10599552

7. Evans K, Horan SA, Neal RJ, Barrett RS, Mills PM. Repeatability of three-
dimensional thorax and pelvis kinematics in the golf swing measured using a field-
based motion capture system. Sports Biomech. (2012) 11(2):262-72. doi: 10.1080/
14763141.2012.654502

8. Langdown BL, Bridge MW, Li F-X. Address position variability in golfers of
differing skill level. Int J Golf Sci. (2013) 2(1):1-9. doi: 10.1123/ijgs.2.1.1

9. Tucker CB, Anderson R, Kenny IC. Is outcome related to movement variability in
golf? Sports Biomech. (2013) 12(4):343-54. doi: 10.1080/14763141.2013.784350

10. Morrison A, McGrath D, Wallace E. Motor abundance and control structure in
the golf swing. Hum Mov Sci. (2016) 46:129-47. doi: 10.1016/j.humov.2016.01.009

11. Morrison A, McGrath D, Wallace ES. Analysis of the delivery plane in the golf
swing using principal components. Proc Inst Mech Eng P ] Sports Eng Tech. (2018) 232
(4):295-304. doi: 10.1177/1754337117751729

12. Matsumoto K, Tsujiuchi N, Ito A, Kobayashi H, Ueda M, Okazaki K. Proposal of
golf swing analysis method using singular value decomposition. Proc AMIA Annu Fall
Symp. (2020) 49(1):91. doi: 10.3390/proceedings2020049091

13. Adlington GS. Proper swing technique and biomechanics of golf. Clin Sports
Med. (1996) 15(1):9-26. doi: 10.1016/S0278-5919(20)30155-1

14. Baci¢ B. Predicting golf ball trajectories from swing plane: an artificial neural
networks approach. Expert Syst Appl. (2016) 65:423-38. doi: 10.1016/j.eswa.2016.07.014

15. Ball K, Best R. Different centre of pressure patterns within the golf stroke i:
cluster analysis. J Sports Sci. (2007) 25(7):757-70. doi: 10.1080/02640410600874971

16. Smith AC, Roberts JR, Kong PW, Forrester SE. Comparison of centre of gravity
and centre of pressure patterns in the golf swing. Eur J Sport Sci. (2017) 17(2):168-78.
doi: 10.1080/17461391.2016.1240238

17. Lamb PF, Pataky TC. The role of pelvis-thorax coupling in controlling within-
golf club swing speed. ] Sports Sci. (2018) 36(19):2164-71. doi: 10.1080/02640414.
2018.1442287

Frontiers in Sports and Active Living

10

10.3389/fspor.2023.1272038

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

18. Brown SJ, Selbie WS, Wallace ES. The x-factor: an evaluation of common
methods used to analyse major inter-segment kinematics during the golf swing.
J Sports Sci. (2013) 31(11):1156-63. doi: 10.1080/02640414.2013.775474

19. Kinugasa T, Cerin E, Hooper S. Single-subject research designs and data analyses
for assessing elite athletes’ conditioning. Sports Med. (2004) 34:1035-50. doi: 10.2165/
00007256-200434150-00003

20. Ko KR, Pan SB. CNN And bi-LSTM based 3D golf swing analysis by frontal
swing sequence images. Multimed Tools Appl. (2021) 80:8957-72. doi: 10.1007/
511042-020-10096-0

21. Chen H-T, Huang T-W, Chou C-L, Tsai H-C, Lee S-Y. Improving golf swing
skills using intelligent glasses. 2015 Visual communications and image processing
(VCIP), IEEE (2015). p. 1-4.

22. Chotimanus P, Cooharojananone N, Phimoltares S. Real swing extraction for
video indexing in golf practice video. 2012 Computing, communications and
applications conference, IEEE (2012). p. 420-5.

23. Sim K, Sundaraj K. Human motion tracking on broadcast golf swing video using
optical flow and template matching. 2010 International conference on computer
applications and industrial electronics, IEEE (2010). p. 169-73.

24. Park S, Yong Chang J, Jeong H, Lee J-H, Park J-Y. Accurate and efficient 3d
human pose estimation algorithm using single depth images for pose analysis in golf.
Proceedings of the IEEE conference on computer vision and pattern recognition
workshops (2017). p. 49-57

25. McNally W, Vats K, Pinto T, Dulhanty C, McPhee J, Wong A. Golfdb: a video
database for golf swing sequencing. Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition workshops (2019).

26. Kim TT, Zohdy MA, Barker MP. Applying pose estimation to predict amateur
golf swing performance using edge processing. IEEE Access. (2020) 8:143769-76.
doi: 10.1109/ACCESS.2020.3014186

27. Sugimura D, Tsutsui H, Hamamoto T. Detecting flaws in golf swing using
common movements of professional players. Mach Vis Appl. (2016) 27:13-22.
doi: 10.1007/500138-015-0725-7

28. Smith A, Roberts J, Wallace E, Kong PW, Forrester S. Golf coaches’ perceptions
of key technical swing parameters compared to biomechanical literature. Int J Sports
Sci Coach. (2015) 10(4):739-55. doi: 10.1260/1747-9541.10.4.739

29. Sun K, Xiao B, Liu D, Wang J. Deep high-resolution representation learning for
human pose estimation. Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition (2019). p. 5693-703

30. Mathis A, Mamidanna P, Cury KM, Abe T, Murthy VN, Mathis MW, et al.
Deeplabcut: markerless pose estimation of user-defined body parts with deep
learning. Nat Neurosci. (2018) 21(9):1281-9. doi: 10.1038/s41593-018-0209-y

31. He K, Zhang X, Ren S, Sun J. Deep residual learning for image recognition.
Proceedings of the IEEE conference on computer vision and pattern recognition
(2016). p. 770-8

32. Lindsay DM, Horton JF, Paley RD. Trunk motion of male professional golfers
using two different golf clubs. ] Appl Biomech. (2002) 18(4):366-73. doi: 10.1123/
jab.18.4.366

frontiersin.org


https://doi.org/10.1080/0264041031000102123
https://doi.org/10.1080/02640414.2010.507249
https://doi.org/10.1080/14763141.2011.638390
https://doi.org/10.1080/14763141.2011.638390
https://doi.org/10.3390/app8122452
https://doi.org/10.1016/j.proeng.2014.06.083
https://doi.org/10.1016/j.proeng.2014.06.083
https://doi.org/10.1080/02701367.2009.10599552
https://doi.org/10.1080/02701367.2009.10599552
https://doi.org/10.1080/14763141.2012.654502
https://doi.org/10.1080/14763141.2012.654502
https://doi.org/10.1123/ijgs.2.1.1
https://doi.org/10.1080/14763141.2013.784350
https://doi.org/10.1016/j.humov.2016.01.009
https://doi.org/10.1177/1754337117751729
https://doi.org/10.3390/proceedings2020049091
https://doi.org/10.1016/S0278-5919(20)30155-1
https://doi.org/10.1016/j.eswa.2016.07.014
https://doi.org/10.1080/02640410600874971
https://doi.org/10.1080/17461391.2016.1240238
https://doi.org/10.1080/02640414.2018.1442287
https://doi.org/10.1080/02640414.2018.1442287
https://doi.org/10.1080/02640414.2013.775474
https://doi.org/10.2165/00007256-200434150-00003
https://doi.org/10.2165/00007256-200434150-00003
https://doi.org/10.1007/s11042-020-10096-0
https://doi.org/10.1007/s11042-020-10096-0
https://doi.org/10.1109/ACCESS.2020.3014186
https://doi.org/10.1007/s00138-015-0725-7
https://doi.org/10.1260/1747-9541.10.4.739
https://doi.org/10.1038/s41593-018-0209-y
https://doi.org/10.1123/jab.18.4.366
https://doi.org/10.1123/jab.18.4.366
https://doi.org/10.3389/fspor.2023.1272038
https://www.frontiersin.org/journals/sports-and-active-living
https://www.frontiersin.org/

	Extracting proficiency differences and individual characteristics in golfers' swing using single-video markerless motion analysis
	Introduction
	Method
	Participants
	Procedure
	Data extraction
	Pose estimation for body movement with HRNet
	Object detection for club movement with DeepLabCut
	Swing event detection

	Analysis
	Forward tilt angle
	Club rotation
	Proficiency level


	Results
	Analysis of the forward tilt angle
	Variability of forward tilt angle during the swing
	Reproducibility of the forward tilt angle during the swing
	Reproducibility of variability in the forward tilt angle during the swing

	Analysis of swing trajectory on the sagittal plane

	Discussion
	Swing analysis using computer vision methods
	Proficiency differences in the golf swing
	Individual characteristics in the golf swing

	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	References


